Climate change threatens the hydrological equilibrium with severe consequences for living beings. In that respect, considerable differences in drought features are expected, especially for mountain-Andean regions, which seem to be prone to climate change. Therefore, an urgent need for evaluation of such climate conditions arises; especially the effects at catchment scales, due to its implications over the hydrological services. However, to study future climate impacts at the catchment scale, the use of dynamically downscaled data in developing countries is a luxury due to the computational constraints. This study performed spatiotemporal future long-term projections of droughts in the upper part of the Paute River basin, located in the southern Andes of Ecuador. Using 10 km dynamically downscaled data from four global climate models, the standardized precipitation and evapotranspiration index (SPEI) index was used for drought characterization in the base period and future period (2011-2070) for RCP 4.5 and RCP 8.5 of CMIP5 project. Fitting a generalized-extreme-value (GEV) distribution, the change ratio of the magnitude, duration, and severity between the future and present was evaluated for return periods 10, 50, and 100 years. The results show that magnitude and duration dramatically decrease in the near future for the climate scenarios under analysis; these features presented a declining effect from the near to the far future. Additionally, the severity shows a general increment with respect to the base period, which is intensified with longer return periods; however, the severity shows a decrement for specific areas in the far future of RCP 4.5 and near future of RCP 8.5. This research adds knowledge to the evaluation of droughts in complex terrain in tropical regions, where the representation of convection is the main limitation of global climate models (GCMs). The results provide useful information for decision-makers supporting mitigating measures in future decades.
Introduction
A drought is defined as the reduction of the amount of precipitation received in a region during a specific period [1] [2] [3] . Among natural threats, droughts are considered the most complex and the most expensive (due to the high social costs associated), but the least understood [4] . According to [2] , droughts can be classified into four groups according to which part of the hydrological cycle is affected, e.g., meteorological drought, hydrological drought, agricultural drought, and socioeconomic drought [5] [6] [7] , which can be characterized using drought indices with varying degrees of success. In addition to the spatiotemporal complexity of droughts, new trends in extreme climate events due to climatic change conditions are expected. Thus, the assessment of future drought projections at the basin scale, where several societal aspects are more vulnerable, is an urgent need for adequate water management and informed decisions.
In the 20th century, the average temperature on the planet's surface increased [8, 9] . Although future temperature increases are still uncertain, several studies with global climate models (GCMs) using the representative concentration pathways (RCP) converge on the conclusion that an increase of temperature is highly probable [10] [11] [12] . As a consequence, overall, the increasing evaporation will enhance the atmospheric humidity and precipitation [13] . These conditions reflect the mean state of the atmosphere on climate change (CC); however, the variation of extremes is even more critical. In addition, the atmospheric conditions may be controlled by other factors such as the concentration of aerosols, energy fluxes, and land-use change [14] . In turn, changes in the hydrological cycle in the present and in the future due to global warming is of great interest, especially those related to extreme events, i.e., droughts and floods [11, 14, 15] . Many aspects of droughts are expected to change, as the frequency, intensity, and duration of CC conditions increase [16] ; thus, the use of indices is critical to the monitoring and forecasting of this phenomena.
Drought indices are indicators of environmental and hydro-meteorological variables related to a phenomenon (for example, precipitation, flow, frost, and evapotranspiration, among others) [17] . Several drought indices have been developed in the last decades [1] . Among others, the Palmer severity index (PDSI) [18] , crop moisture index (CMI) [19] , rain anomaly index (RAI) [20] , standardized precipitation index (SPI) [21, 22] , standardized streamflow index (SSI) [23] , and standardized precipitation and evapotranspiration index (SPEI) [24, 25] , can help to characterize droughts both spatially and temporally, despite some limitations [1] .
These indices have been used in different parts of the world to characterize past droughts, as well as to forecast and characterize future droughts on different spatiotemporal scales. For instance, SPI [26] [27] [28] , SSI [28] [29] [30] [31] , SPEI [32] [33] [34] , CMI [35] [36] [37] , and Palmer [38] [39] [40] have been used extensively worldwide. These indices use different hydrometeorological variables as inputs, e.g., SPI and RAI use only precipitation data; SSI uses flow data; SPEI uses precipitation and ETo; CMI uses soil moisture data; the Palmer index uses ETo and soil moisture information. In the Andean region, drought studies have used SPI, SSI, and SPEI indexes frequently [41] [42] [43] [44] . In addition, the drought index (DI) developed by [45] has also been used to predict the occurrence and extent of drought events. However, the SPEI drought index might be more adequate to be considered in a warmer climate [24, 41] , because it takes into consideration the changes to atmospheric-evaporated demand using the monthly hydrologic water balance (Precipitation-ETo).
To evaluate the changes in extreme drought events many authors use the generalized extreme value (GEV) distribution. For example, [46] used GEV to analyze the maximum and minimum regional values of the drought index in the Mediterranean, and [47] employed GEV to analyze the minimum flows in Europe. In [48] , GEV was used to characterize and analyze drought changes through the probability density function of some features in South Korea. GEV is widely used in America. For instance, [49] conducted a GEV analysis in California (USA) to estimate return periods and expected frequency from the 2014 drought and the cumulative 2012-2014 droughts using PDSI; while [50] used GEV and other probability distributions to obtain the best regional probability distribution to produce meteorological drought return period maps; whereas [51] used different types of probability distributions between GEV and two-parameter gamma to select best models to estimate standardized drought indices in a tropical-subtropical region of Brazil.
Mountains provide water for half of the world's population [52] . The impact of CC in mountain regions is well-documented [53, 54] . CC causes glaciers to retreat, affecting the catchments response time [55] , in addition to the intensification of extreme events, i.e., droughts and floods. Studying the impact of droughts in the Andean highlands where paramo ecosystem occupies ca. 3 million hectares [56, 57] is of great importance because a reduction in rainfall will result in an alteration in the ecosystem services provided, e.g., the supply and regulation of water used for various purposes [56, [58] [59] [60] . Therefore, the instauration of future policies for water management in the face of climate change should rely on a deeper understanding of this phenomenon, which impacts heavily depend on local drivers, taking a risk perspective approach. Ecuador, as a developing country, is especially vulnerable to CC effects and the intensification of climatic variability. However, the impact of droughts is of especial interest because the energy matrix is about 65% dependent on hydroelectricity, in addition to an economy significantly dependent on agriculture [61] . Thus, the study of droughts in the future climate is of utmost importance.
The use of GCMs is, to date, the best approach to study droughts future trends in a changing climate. However, the performance of GCMs in representing precipitation in the tropics is still restricted, mainly due to limitations in the representation of convective precipitation. One approach to improve the regional and local representation of climate is the application of dynamical downscaling (DD) to GCM results. Dynamical downscaling represents the climate in high-resolution by solving the Navier-Stokes complex system of non-linear differential equations for fluids. On one hand, the difficulty to obtain climate results from these equations is related to the numerical resolution, which demands high computational capacities. Another difficulty, sometimes underestimated, is the setting of adequate sub-grid parameterizations such as cumulus convection, the planetary boundary layer, and cloud microphysics, among others [62] . Thus, a sensitivity analysis is necessary to evaluate the set of adequate parameterizations prior to the generation of present and future climate. To date, the attribution of plausible sub-grid models to specific climate and land-use regions is a topic of arduous research [62] [63] [64] .
Despite the improvement of GCM results by DD, the projections of climate are limited by a considerable cascade of uncertainties [62, 65] . In relation to intra-model uncertainty, there are 25 GCMs in the coupled model intercomparison project phase 3 (CMIP3) (https://pcmdi.llnl.gov/ ipcc/model_documentation/ipcc_model_documentation.html), whereas there are 56 GCMs in the coupled model intercomparison project phase 5 (CMIP5) (https://portal.enes.org/data/enes-model-data/ cmip5/resolution). As a result of the increment of centers producing climate results, the intra-model uncertainty has increased [66] . One approach to analyze the results is the generation of a GCM ensemble. Another approach is to select the GCMs that best represent the climate of observed data and either make a band of projections or to generate an ensemble likewise. Other uncertainty sources are related to (i) the future scenario projected among RCP 2.5, 4.5, 6, and 8.5, (ii) the regional climate model used for DD, and (iii) the DD results bias correction methods. The methodology implemented in the present study tries to tackle these limitations.
The Ecuadorian Environmental Agency, MAE in Spanish, in order to develop the Third National Communication on Climatic Change, TCN in Spanish, led an important effort to provide future scenarios of CC, by downscaling CMIP5 GCM results using the Weather Research and Forecasting models, WRF, at 10 km resolution country-wide. The base period selected was 1981 to 2005, and the future period 2011 to 2100. In the first place, a selection of GCMs was based on several statistical criteria [67] , finally obtaining CSIRO-Mk3-6.0, GISS-E2-R, IPSL-CM5A-MR, and MIROC-ESM. Then GCM results from these models were used as boundary conditions to drive WRF runs in present and future periods. A detailed account of the methodology is explained in Armenta et al [67] .
Therefore, the objective of this study is to perform a spatiotemporal analysis of droughts (magnitude, severity, and duration) through the SPEI drought index in the upper part of the Paute river basin. This region is located in the southern part of the Ecuadorian Andes, which is a water provider for 123,000 families, serving several irrigation and hydroelectric projects. The projections are evaluated from 2011-2070, considering RCPs 4.5 and 8.5 scenarios using GCM results dynamically downscaled to 10 km resolution. The results will provide a better understanding of the droughts in the highlands of Ecuador, helping water managers to take timely decisions.
Materials and Methods

Study Area
The study area includes four sub-basins, e.g., Machángara, Tomebamba, Yanuncay, and Tarqui, in the upper part of the Paute river basin (1602 km 2 ), located in the southern Ecuadorian Andes (Figure 1 ). This region is essential to the water supply for the city of Cuenca, which is the third most important city in Ecuador [68] with a population of 660,000 inhabitants. The altitude in the study area varies between 2440 and 4400 m above sea level. The upper and middle parts of the basins are covered by patches of Polylepis reticulata, tussock grasses, ground rosettes, cushion plants, and ground rosettes, and the lower part of the basins is covered by pastures, agricultural lands, and urban areas [58, 69, 70] . According to [71] , the study area has two precipitation types: Bimodal type II corresponding to upper and middle part of the basins, and Bimodal type I in the lower part; both of these presented rainfall peaks in April and October; however, Bimodal type II presented a lesser pronounced dry season in June-August, with important anomalies in July due to the intensification of the easterlies and the eastward orientation of the western part of the Paute basin, producing enhanced orographic precipitation [72] .
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Despite the importance of this region, few studies about droughts have been developed [45, 73, 74] in the Machángara river sub-basin, mainly focusing on forecast and risk evaluation of water scarcity. Therefore, spatiotemporal analysis of droughts could help better understand this area, and the implementation of adaptation and mitigation strategies. 
Climate Data
GCMs are used to assess the impacts and risks of climate change and droughts [75] . However, the outputs of GCMs vary widely within the same RCP scenario. The use of a GCM ensemble is a common practice in climate science research to account for intra-model uncertainty [76] . For the TCN project, 4 GCMs were selected through the evaluation of the CMIP5 GCM, showing a better representation of climate features of Ecuador. GCMs were evaluated against ground observations during the base period 1981-2005 [67] . The main features of these models are shown in Table 1 . After the GCM selection, the WRF model version 3.6.1 was used to dynamically downscale climate results to 10 km resolution. This resolution is a balance between local climate representation ability and computational power demand to downscale 4 GCMs for the whole country. In this work, the ensemble results of the downscaled GCMs were used, which will be referred to as DGCMs.
To ensemble the results, the reliability ensemble averaging (REA) method [77, 78] was implemented for precipitation and temperature. REA combines the outputs of the DGCMs using two Despite the importance of this region, few studies about droughts have been developed [45, 73, 74] in the Machángara river sub-basin, mainly focusing on forecast and risk evaluation of water scarcity. Therefore, spatiotemporal analysis of droughts could help better understand this area, and the implementation of adaptation and mitigation strategies.
To ensemble the results, the reliability ensemble averaging (REA) method [77, 78] was implemented for precipitation and temperature. REA combines the outputs of the DGCMs using two criteria: A performance criterion, based on the ability of different models to represent various aspects of the current climate, and a convergence criterion based on simulated changes through models for the same emissions scenario. For more details, the reader should refer to [77] . To account for future intra-scenarios uncertainty, projections for RCP 4.5, which supposes a precise stabilization of the carbon dioxide emissions, and RCP 8.5, which implies the continuity of high carbon dioxide emissions rates, were used from 2011 to 2070. 
Bias Correction of Ensemble Outputs
A bias correction procedure, similar to the one applied in [79] was performed to adjust precipitation and temperature outputs of the DGCM data. Due to the scarcity and uneven distribution of rainfall and temperature stations in the study area, satellite estimates of precipitation and temperature were used as a reference for bias correction. Downscaled precipitation of TRMM 3B43 V7 product at 5-km spatial resolution (PRKTC) [80] was used to bias correct DGCM precipitation data. This product was derived trough a two-step downscaling procedure of satellite images, which were merged with in situ precipitation data and other satellite products (e.g., cloud top temperature, cloud fraction, normalized vegetation index, and soil moisture). Further details of the PRKTC product are available in [80] . MODIS land surface temperature estimates (MOD11A2 V6) at 1 km spatial resolution and 8-day temporal resolution were used as the reference temperature for bias correction of DGCM temperature data. This product was downloaded from NASA and USGS Land Processes Distributed Active Archive Center (LP DAAC) (https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mod11a2). To unify the spatial resolution of all satellite products, PRKTC and MOD11A2 V6 estimates were re-gridded to the resolution of the DGCM (~10 km) through the nearest neighbor interpolation method. Monthly PRKTC and MOD11A2 V6 data during 2001-2005 corresponding to the same period of the DGCM models were used to derive monthly-adjusted coefficients for both variables. Finally, DGCM estimates were calibrated multiplying the monthly-adjusted coefficients by the DGCM estimates in the base and future period.
Temperature and Precipitation Variation
The analysis of the variation of temperature and precipitation over time was made with the average values in the base period and two future periods (2011-2040 and 2041-2070). The comparison was made with maps of the base period and future periods, using the average value pixel-wise in each period. The comparison between periods was made with the statistical stability over time of the data, and, thus, tests of stationarity were made to the base period [81] [82] [83] .
Precipitation and Evapotranspiration Index (SPEI)
For characterizing droughts, the SPEI index was used. It could be considered a meteorologicalhydrological index because it includes the changes in evaporated atmospheric demand using the monthly hydrologic water balance (precipitation-reference evapotranspiration). SPEI is obtained in three steps: (i) calculation of the reference evapotranspiration (ETo), (ii) calculation of the water balance, e.g., D = Precipitation-ETo, and (iii) adjustment of the water balance to the probability log-logistic distribution and further standardization of the distribution [24] . There are different methods to estimate the ETo, depending on the availability of meteorological data [84] [85] [86] , for instance, Penman-Monteith [84] , Hargreaves [87] , and Thornthwaite [88] , among others. The best estimates of ETo is by Penman-Monteith method; however, the main limitation is the difficulty to obtain several meteorological parameters such as air humidity, temperature, radiation, atmospheric pressure, and wind speed [24] .
In this study, the Thornthwaite method was used to calculate the ETo. The monthly water balance was used with the log-logistic probability distribution, then it was normalized following the approximation of Abramowitz and Stegun [89] to obtain SPEI index. SPEI can be calculated for different time scales (1, 3, 6, 12, or more months) [25, 85] . Specifically, for the purposes set herein, the SPEI3 is used, which is calculated as the sum of the water balance for three consecutive months. The classification of the drought and moisture categories based on the SPEI index is shown in Table 2 [24] . The SPEI index is calculated pixel-wise for the base and future periods to identify spatial and temporal drought changes in the study area. For the validation of SPEI3, the categories' frequencies, derived from bias correction of DGCM in the base period, were compared to frequencies derived from data of precipitation and temperature of three meteorological ground stations (Labrado, Chanlud, and Aeropuerto) provided by the National Institute of Meteorology and Hydrology of Ecuador (INAMHI). 
Drought Characterization
Following [90] , values less or equal to −1 of drought occurrence were assumed for SPEI3 ( Figure 2 ). The threshold level is based on the run-length concept and frequency analysis. Three parameters were used to characterize the drought time series: balance, e.g., D = Precipitation-ETo, and iii) adjustment of the water balance to the probability loglogistic distribution and further standardization of the distribution [24] . There are different methods to estimate the ETo, depending on the availability of meteorological data [84] [85] [86] , for instance, Penman-Monteith [84] , Hargreaves [87] , and Thornthwaite [88] , among others. The best estimates of ETo is by Penman-Monteith method; however, the main limitation is the difficulty to obtain several meteorological parameters such as air humidity, temperature, radiation, atmospheric pressure, and wind speed [24] . In this study, the Thornthwaite method was used to calculate the ETo. The monthly water balance was used with the log-logistic probability distribution, then it was normalized following the approximation of Abramowitz and Stegun [89] to obtain SPEI index. SPEI can be calculated for different time scales (1, 3, 6, 12, or more months) [25, 85] . Specifically, for the purposes set herein, the SPEI3 is used, which is calculated as the sum of the water balance for three consecutive months. The classification of the drought and moisture categories based on the SPEI index is shown in Table 2 [24] . The SPEI index is calculated pixel-wise for the base and future periods to identify spatial and temporal drought changes in the study area. For the validation of SPEI3, the categories' frequencies, derived from bias correction of DGCM in the base period, were compared to frequencies derived from data of precipitation and temperature of three meteorological ground stations (Labrado, Chanlud, and Aeropuerto) provided by the National Institute of Meteorology and Hydrology of Ecuador (INAMHI). 
Following [90] , values less or equal to −1 of drought occurrence were assumed for SPEI3 ( Figure  2 ). The threshold level is based on the run-length concept and frequency analysis. Three parameters were used to characterize the drought time series: It is well documented that extreme events will be enhanced by climate change [91] . Thus, it is essential to evaluate future trends in droughts and their features such as magnitude, duration, and severity. In this work, the generalized extreme value distribution (GEV) was used to analyze the changes in extreme values of droughts for the duration, magnitude, and severity for several return It is well documented that extreme events will be enhanced by climate change [91] . Thus, it is essential to evaluate future trends in droughts and their features such as magnitude, duration, and severity. In this work, the generalized extreme value distribution (GEV) was used to analyze the changes in extreme values of droughts for the duration, magnitude, and severity for several return periods. The GEV distribution of three parameters is defined by a location (µ), showing where the origin is located; the scale (σ) determines the statistical dispersion of the probability distribution; and the shape (ξ) parameter specifies the type of distribution: Type I (ξ → 0) Gumbel, Type II (ξ > 0) Frechet, and Type III (ξ < 0) Weibull [92] . The weighted moment method was used to estimate the parameters of GEV distribution. This method was chosen because of its stability and robustness in small size samples [93] . The Kolmogorov-Smirnov (KS) test was used to validate the quality of fit. This test measures the degree of agreement between the data set distribution and a theoretical distribution (the significant p-value was greater or equal to 0.05) [94] . The spatial changes of the three drought characteristics were calculated by a change ratio, Rc, calculated by the ratio between the future feature value and the base period feature value for a given scenario and return period. The spatial variations of Rc for the duration, magnitude, and severity were calculated pixelwise in the study area, where the fit was significant for several return periods frequently used in the literature, e.g., 10, 50, and 100 years [90, [95] [96] [97] . This process was performed for the scenarios RCP 4.5 and RCP 8.5 in the two future periods (Future 1: 2011-2040, Future 2: 2041-2070). A map containing the [p] values is presented in Appendix A. Figure 3a shows the behavior of the precipitation in the base and future periods. During the entire period, the two scenarios (RCP 4.5 and RCP 8.5) show an increase in their trend. However, the scenario RCP 8.5 shows a higher increase in monthly precipitation in Future 2. Figure 3b shows the trend of temperature; it has a rise in both scenarios. During the first two future decades, the two scenarios have similar behavior; however, since 2031, the RCP 8.5 shows a higher trend than the RCP 4.5. It should be noted that the trend stabilizes since 2061 for the RCP 4.5 scenario. periods. The GEV distribution of three parameters is defined by a location (µ ), showing where the origin is located; the scale (σ) determines the statistical dispersion of the probability distribution; and the shape (ξ) parameter specifies the type of distribution: Type I (ξ  0) Gumbel, Type II (ξ > 0) Frechet, and Type III (ξ < 0) Weibull [92] . The weighted moment method was used to estimate the parameters of GEV distribution. This method was chosen because of its stability and robustness in small size samples [93] . The Kolmogorov-Smirnov (KS) test was used to validate the quality of fit. This test measures the degree of agreement between the data set distribution and a theoretical distribution (the significant p-value was greater or equal to 0.05) [94] . The spatial changes of the three drought characteristics were calculated by a change ratio, Rc, calculated by the ratio between the future feature value and the base period feature value for a given scenario and return period. The spatial variations of Rc for the duration, magnitude, and severity were calculated pixelwise in the study area, where the fit was significant for several return periods frequently used in the literature, e.g., 10, 50, and 100 years [90, [95] [96] [97] . This process was performed for the scenarios RCP 4.5 and RCP 8.5 in the two future periods (Future 1: 2011-2040, Future 2: 2041-2070). A map containing the [p] values is presented in Appendix A. Figure 3a shows the behavior of the precipitation in the base and future periods. During the entire period, the two scenarios (RCP 4.5 and RCP 8.5) show an increase in their trend. However, the scenario RCP 8.5 shows a higher increase in monthly precipitation in Future 2. Figure 3b shows the trend of temperature; it has a rise in both scenarios. During the first two future decades, the two scenarios have similar behavior; however, since 2031, the RCP 8.5 shows a higher trend than the RCP 4.5. It should be noted that the trend stabilizes since 2061 for the RCP 4.5 scenario. Figure 4a shows the maps of precipitation changes in the study area. Spatially the precipitation increases from one period to another (Base period: 1981-2005, Future period 1: 2011-2040, Future period 2: 2041-2070). The precipitation for the scenario RCP 8.5 is higher than precipitation for the scenario RCP 4.5. Besides, during Future 2 more precipitation is expected, especially in the Machángara and Tomebamba rivers sub-basins. Regarding temperature variations, Figure 4b displays that the temperature increases slightly from period to period, and the scenario RCP 8.5 shows more increment than scenario RCP 4.5.
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These results are similar to the results found in [98, 99] , in which a similar tendency of the temperature in the future has been shown. Moreover, the results of temperature variation are very similar to the study of [100] . Figure 4a shows the maps of precipitation changes in the study area. Spatially the precipitation increases from one period to another (Base period: 1981-2005, Future period 1: 2011-2040, Future period 2: 2041-2070). The precipitation for the scenario RCP 8.5 is higher than precipitation for the scenario RCP 4.5. Besides, during Future 2 more precipitation is expected, especially in the Machángara and Tomebamba rivers sub-basins. Regarding temperature variations, Figure 4b displays that the temperature increases slightly from period to period, and the scenario RCP 8.5 shows more increment than scenario RCP 4.5.
These results are similar to the results found in [98, 99] , in which a similar tendency of the temperature in the future has been shown. Moreover, the results of temperature variation are very similar to the study of [100] . 
Drought Characterization and Analysis
The comparison of moderate, severe, and extreme droughts frequencies between DGCM corrected data and the observed data of the three meteorological stations is shown in Figure 5 . This figure indicates that the frequencies are very similar; therefore, the DGCM corrected data was used for the space-time analysis of droughts in the future. Figure 6a shows the change ratio of the severity, magnitude, and duration of droughts for RCP 4.5 for Future 1 with respect to the base period. The magnitude and duration show a marked decrease with respect to the base period. Nonetheless, in general, as the return-period increases, the rate of this declination becomes smaller. The adjusted GEV distributions for durations do not follow the extreme shapes distributions clearly, as is revealed by the p-value (Appendix A). This entails implicitly significant uncertainties that could affect the inferences related to this drought variable; however, a general overview of the duration (taking into account the pixels that comply with the significant pvalue) shows a decrease of it when the return period increases. The severity for RCP 4.5 for Future 1 has an increase respecting to the base period. The last implies that, although duration and magnitude decreases, the former feature has a more pronounced declination than the latter one. Nonetheless, there are pixels that do not reflect the severity behavior (i.e., the relation between magnitude and duration). This disagreement can be mostly explained by problems of the GEV distributions, which in some cases were not fitted properly. The previous discussion is one of the mentioned consequences of the implicit uncertainty involving the distributions of the duration, which is also a concerning issue to keep in mind for the remaining scenarios and futures of analysis.
The change ratio of drought features for the scenario RCP 4.5 in Future 2 is shown in Figure 6b . The magnitude and duration have severe decreasing patterns, which are more intense than Future 1 
The comparison of moderate, severe, and extreme droughts frequencies between DGCM corrected data and the observed data of the three meteorological stations is shown in Figure 5 . This figure indicates that the frequencies are very similar; therefore, the DGCM corrected data was used for the space-time analysis of droughts in the future. 
The change ratio of drought features for the scenario RCP 4.5 in Future 2 is shown in Figure 6b . The magnitude and duration have severe decreasing patterns, which are more intense than Future 1 Figure 6a shows the change ratio of the severity, magnitude, and duration of droughts for RCP 4.5 for Future 1 with respect to the base period. The magnitude and duration show a marked decrease with respect to the base period. Nonetheless, in general, as the return-period increases, the rate of this declination becomes smaller. The adjusted GEV distributions for durations do not follow the extreme shapes distributions clearly, as is revealed by the p-value (Appendix A). This entails implicitly significant uncertainties that could affect the inferences related to this drought variable; however, a general overview of the duration (taking into account the pixels that comply with the significant p-value) shows a decrease of it when the return period increases. The severity for RCP 4.5 for Future 1 has an increase respecting to the base period. The last implies that, although duration and magnitude decreases, the former feature has a more pronounced declination than the latter one. Nonetheless, there are pixels that do not reflect the severity behavior (i.e., the relation between magnitude and duration). This disagreement can be mostly explained by problems of the GEV distributions, which in some cases were not fitted properly. The previous discussion is one of the mentioned consequences of the implicit uncertainty involving the distributions of the duration, which is also a concerning issue to keep in mind for the remaining scenarios and futures of analysis.
The change ratio of drought features for the scenario RCP 4.5 in Future 2 is shown in Figure 6b . The magnitude and duration have severe decreasing patterns, which are more intense than Future 1 of the same scenario. Furthermore, in contrast to what happened for Future 1, the severity shows a decreasing effect. This implies that the decreasing rate of change for magnitudes are more pronounced than durations-in respect to the base period-while the opposite occurs for the first future (although the fitted-distributions for durations also show problems according to Appendix A). In this RCP 4.5 scenario, the greenhouse-gas concentrations reach their peak in 2040 (i.e., Future 1), after which it starts to stabilize (i.e., Future 2). It is well known that these emissions entail an increase in the quantities and frequencies of the precipitations events [13] . Therefore, a probable consequence of such rainfall alterations would be the reduction of magnitudes and durations of droughts for the mountain areas [76, 99, 101] . Nonetheless, the switch of severity-from positive to negative-would probably be related to an alteration of the rain frequency more than to its quantity for the first period (i.e., an increase in the rainfall frequencies would have a more intense effect on the duration than on the magnitude of droughts). The opposite effect occurs during the gas stabilization emissions (i.e., the second future). For that period, significant changes in the magnitudes and durations of droughts are still present. However, the differences in magnitudes are more intense than for durations, as indicated by the severity. This suggests that rainfall amounts will have a greater effect on drought magnitudes, than duration. It is worth mentioning that climate processes behind the discussed effects are very complex by nature. So, the discussion about the mechanism of change of droughts related to rainfall alterations have to be understood as probable explanations, which need a more comprehensive analysis.
Atmosphere 2019, 10, x FOR PEER REVIEW 9 of 17 of the same scenario. Furthermore, in contrast to what happened for Future 1, the severity shows a decreasing effect. This implies that the decreasing rate of change for magnitudes are more pronounced than durations-in respect to the base period-while the opposite occurs for the first future (although the fitted-distributions for durations also show problems according to Appendix A). In this RCP 4.5 scenario, the greenhouse-gas concentrations reach their peak in 2040 (i.e., Future 1), after which it starts to stabilize (i.e., Future 2). It is well known that these emissions entail an increase in the quantities and frequencies of the precipitations events [13] . Therefore, a probable consequence of such rainfall alterations would be the reduction of magnitudes and durations of droughts for the mountain areas [76, 99, 101] . Nonetheless, the switch of severity-from positive to negative-would probably be related to an alteration of the rain frequency more than to its quantity for the first period (i.e., an increase in the rainfall frequencies would have a more intense effect on the duration than on the magnitude of droughts). The opposite effect occurs during the gas stabilization emissions (i.e., the second future). For that period, significant changes in the magnitudes and durations of droughts are still present. However, the differences in magnitudes are more intense than for durations, as indicated by the severity. This suggests that rainfall amounts will have a greater effect on drought magnitudes, than duration. It is worth mentioning that climate processes behind the discussed effects are very complex by nature. So, the discussion about the mechanism of change of droughts related to rainfall alterations have to be understood as probable explanations, which need a more comprehensive analysis. Figure 7 shows the ratio of change for magnitude, duration, and severity under the RCP 8.5 climate scenario (for both futures). On the one hand, Figure 7a and 7b show again that the magnitude and duration have a sharp decrease relative to the base period. Interestingly, the rate of change for magnitudes and durations seems to be smaller for larger return-periods. The last is a clear symptom that the probability function of extremes changes its magnitudes and shapes in different climate scenarios (i.e., tail-shapes). As a consequence, interpolations and extrapolations have different trends for any return-period. On the other hand, the severity switches its behavior from a decreasing to increasing pattern-from the first to the second period. This is the opposite of the effect shown in the Figure 7 shows the ratio of change for magnitude, duration, and severity under the RCP 8.5 climate scenario (for both futures). On the one hand, Figure 7a ,b show again that the magnitude and duration have a sharp decrease relative to the base period. Interestingly, the rate of change for magnitudes and durations seems to be smaller for larger return-periods. The last is a clear symptom that the probability function of extremes changes its magnitudes and shapes in different climate scenarios (i.e., tail-shapes). As a consequence, interpolations and extrapolations have different trends for any return-period. On the other hand, the severity switches its behavior from a decreasing to increasing pattern-from the first to the second period. This is the opposite of the effect shown in the RCP 4.5 scenario; but it is probably a response to the interactions between quantities and frequencies of precipitation events, as explained before. The contrasting effect on the severity switching for both scenarios could be considered counterintuitive at first glance, keeping in mind that for the RCP 8.5 a hypothetical increment of greenhouse-gas is permanent (which is a rather different hypothesis than the one made for the RCP 4.5) [102] . Nonetheless, these differences in severity switching would mean that, although magnitudes and durations have similar decreasing patterns for both scenarios, the interactions between them (explaining the differences in severities) are rather different. Furthermore, these severity switching differences could encode other more complex climate interactions between the drought variables and other climate variables.
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Conclusions
Applying a probability distribution function of extreme values for the SPEI index in three return periods (10, 50, and 100 years), the magnitude, duration, and severity of droughts were characterized in the base and future (2011-2040 and 2041-2070) periods for RCP 4.5 and 8.5. A temporal and spatial analysis was performed in the upper part of the Paute river basin through the change ratio of drought features. The results show that, under climate change, the characteristics of droughts will be altered. Interestingly, magnitudes and durations would suffer a dramatic decrease in the scenarios here considered. On the other hand, the severity of droughts also shows a decrement pattern under the RCP 4.5 scenario (for the period 2011-2040), and for the RCP 8.5 scenario (for the period 2041-2070). Nonetheless, for the remaining scenarios and periods, the severity shows a general increment that intensifies for longer return periods. Interestingly, both effects of severity are present for different scenarios and future periods. These would imply that, even when a general decreasing effect exists for magnitude and durations, the climate mechanism behind those effects could be very different for distinct climate scenarios. Therefore, this study brings new opportunities for further research. Furthermore, since the mountain areas have complex climate conditions, a climate analysis on this spatial scale would serve as complementary or contrasting knowledge of similar analysis for other areas and for different spatial scales. The main limitations of the present study are related to the well-known cascade of uncertainties of climate projections. However, the GCM selection and further downscaling and bias correction of results help to diminish the uncertainty to a certain degree. Future studies will be focused on a higher resolution as well as on identifying intra-annual future droughts features variations. The robustness of the results provides useful information for decision-makers for further implementation of droughts impact prevention measures and risk mitigation for future decades of this century. Funding: This research was funded by the University of Cuenca through its Research Department (DIUC) via the projects "Evaluación de métodos de generación de escenarios para la simulación del riesgo de fallo en el suministro de agua en épocas de estiaje. Caso de estudio en un sistema de recursos hídricos multipropósito" and "Evaluación del riesgo de sequias en cuencas andinas reguladas influenciadas por la variabilidad climática y cambio climático. Caso de estudio en la cuenca del río Machángara". The authors also thank to the Ecuadorian Corporation for the Development of Research and Academia (CEDIA) and DIUC through the project "Evaluación de los efectos de las actividades socioeconómicas en el cambio del uso del suelo y del cambio climático en las amenazas a inundaciones y sequías en la cuenca del río Tomebamba" for its financial support. 
